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Post-translational modification of proteins provides reversible means to regulate the function of a protein in space and time. Recently computational studies of post-translational modifications (PTMs) 1 of proteins have attracted much attention. Various PTMs regulate the functions and dynamics of proteins through specific modifications and are implicated in almost all cellular processes. In contrast to the labor-intensive and expensive experimental methods, in silico prediction of PTM-specific substrates with their sites has emerged as a popular alternative approach. To date, more than 32 computational prediction tools have been developed (1) .
In the field of computational PTMs, protein phosphorylation is the most studied example. To predict general phosphorylation sites, several tools have been developed, such as DISPHOS (2) , NetPhos (3), NetPhosYeast (4), and GANNPhos (5) . As the need for performing large scale predictions and constructing reliable phosphorylation networks evolves, robust prediction of kinase-specific phosphorylation sites has become necessary and challenging. For example, Neuberger et al. (6) used pkaPS to predict potential protein kinase A (PKA) sites in the human proteome directly. With Predikin, Brinkworth et al. (7) predicted cognate PKs for 383 unannotated phosphorylation sites of 216 peptide sequences in yeast. Chang et al. (8) predicted 91 highly probable CDK substrates in budding yeast using the position-specific scoring matrix motif approach. Recently Linding et al. (9) developed NetworKIN and constructed a human phosphorylation network, which has gained diversified interest not only for human phosphorylation network prediction but also for general implication in cell biology. To predict kinase-specific phosphorylation sites, several on-line Web services have been implemented using various algorithms, including our previous work of GPS (10, 11) and PPSP (12) , NetPhosK (13) , ScanSite (14) , KinasePhos (15, 16) , PredPhospho (17) , Predikin (18) , PhoScan (19) , pkaPS (6) , etc.
Although ϳ10 predictors are already available, two essential issues have remained elusive. In the previous work, there was no standard rule for protein kinase (PK) classification. We and others clustered PKs into subgroups casually by sequence sim-ilarity from BLAST results (9 -13, 15-17, 19) . The thresholds of PK classification varied in the previous publications, and the final PK subgroups were also quite different. Another issue is control of false positive rate (FPR) for large scale predictions. Usually the bona fide phosphorylation sites are only a small proportion of total Ser/Thr or Tyr residues present within a protein sequence. Thus, many false positive hits in the total prediction results could be generated even for a small FPR.
In this work, we refined the GPS software (Group-based Prediction System, version 2.0) for predicting kinase-specific phosphorylation sites in hierarchy. We adopted a PK classification established by Manning et al. (20) as the standard rule to cluster the human PKs into a hierarchical structure with four levels, including group, family, subfamily, and single PK. The training data were taken from Phospho.ELM 6.0 (21) , and the modified version of the Group-based Phosphorylation Scoring algorithm (10, 11) was used. Also we defined a simple rule to calculate the theoretically maximal FPRs. Three cutoffs of high, medium, and low thresholds were established with FPRs of 2, 6, and 10% for serine/threonine kinases and 4, 9, and 15% for tyrosine kinases, respectively. The performance and robustness of the prediction system were extensively evaluated by self-consistency, leave-one-out validation, and 4-, 6-, 8-, and 10-fold cross-validations. Compared with other existing tools, GPS 2.0 carries a greater computational power with superior performance. The on-line Web server version and local packages of GPS 2.0 were implemented in Java and can predict kinase-specific phosphorylation sites for 408 PKs in human. Moreover we used GPS 2.0 to conduct a large scale prediction of more than 13,000 mammalian phosphorylation sites in which GPS 2.0 exhibited remarkable performance. Finally we demonstrated the accuracy of GPS 2.0 prediction based on a proteome-wide search for Aurora-B cognate substrates. Taken together, GPS 2.0 offers greater precision and computing power on predicting protein phosphorylation and enzyme-substrate relationship.
EXPERIMENTAL PROCEDURES
Protein Kinase Classification for the Training Data Set-The training data set was derived from Phospho.ELM 6.0 (21), including 13,615 experimentally verified phosphorylation sites. First the redundant records were removed leaving 13,577 non-redundant entries. Then 3,161 non-redundant sites with respective kinase information were used for training. Because most of the verified sites were mammalian (13,254 of 13,579, ϳ97.6%), we adopted a well established rule for human PK classification (20, 22) to cluster various PKs with their verified sites into a hierarchical structure with four levels, including group, family, subfamily, and single PK (20, 22) (see supplemental  Table S1 ). The PK groups with less than three sites were singled out from this study.
The training data could be reused several times and included in different PK clusters (Fig. 1) . For example, in the AGC group, the experimental sites with PK information of PKB_group, PKB␤, PKA␣, PKA_group, and other AGC kinases were used as the training data. In the AGC/AKT family, the verified sites with PK information of PKB_ group and PKB␤ were used. Again for AGC/AKT/AKT2, the verified sites only with PK information of PKB␤ were used. Also for the AGC/PKA family, only the verified sites with PK information of PKA␣ and PKA_ group were used. Currently there are only two PKA␣ sites identified. Thus, the PK cluster of AGC/PKA/PKA␣ was not used in GPS 2.0.
It has been reported that there are 518 human PKs identified (20) . After careful curation, we found that PKG1 had two paralogs in human rather than one gene. In this regard, the total human kinome contains 519 unique PKs. As previously described, we used the experimentally verified phosphorylation sites as the positive data (ϩ), whereas all other residues (Ser/Thr or Tyr) in the same substrates were regarded as the negative data (Ϫ) (10 -12, 15-17) .
Evaluation of Prediction Performance and Robustness of GPS 2.0 -The self-consistency validation was performed to evaluate the prediction performance. The jackknife validation and 4-, 6-, 8-, and 10-fold cross-validation were extensively performed to evaluate the robustness and stability of the prediction system. Four standard measurements of accuracy (Ac), sensitivity (Sn), specificity (Sp), and the Mathew correlation coefficient (MCC) were defined as follows.
The results of n-fold cross-validation were very similar to those with the leave-one-out validation (see supplemental Fig. S1 ). To simplify the analysis, we only adopted performances of the selfconsistency and leave-one-out validation for further analysis. The receiver operating characteristic curves were drawn for 70 PK groups with Ն30 sites with the x axis of 1 Ϫ Specificity and the y axis of Sensitivity (see supplemental Fig. S2) .
The Modified Version of the Group-based Phosphorylation Scoring Method Algorithm-To predict kinase-specific phosphorylation sites, we used our previous Group-based Phosphorylation Scoring method with improvement (10, 11) . First we defined a phosphorylation site peptide PSP(m, n) as a serine (Ser), threonine (Thr), or tyrosine (Tyr) amino acid flanked by m residues upstream and n residues downstream. The chief hypothesis of the algorithm is that if two short peptides share high sequence homology they may also bear similar three-dimensional structures and biochemical properties. Then we used the amino acid substitution matrix BLOSUM62 to calculate the similarity between two PSP(7, 7) peptides.
As described previously (10, 11) , for two amino acids a and b, let the substitution score between them in BLOSUM62 be Score(a, b). The similarity between two PSP(7, 7) peptides (15 amino acids) A and B is defined as follows.
Given a putative PSP (7, 7) peptide, it will be compared with all known sites pairwisely to calculate the substitution scores separately. The average value of the substitution scores is computed as the final prediction score of the given site. The basic idea of the Group-based Phosphorylation Scoring algorithm is also diagrammed (see Fig. 2 ). The gray dots represent the positive sites. The nearer distances indicate higher similarity scores between two sites. Given a putative PSP(7, 7) peptide, we can calculate its score. Then we can judge whether the given site is a potentially real phosphorylation site under different thresholds.
In previous versions (GPS 1.0 and 1.10), we hypothesized that the bona fide pattern for PK recognition and modification might be compromised by heterogeneity of multiple structural determinants with different features. Then all known phosphorylation sites are automatically partitioned into several clusters with the Markov cluster algorithm to improve the prediction performance (10, 11) . However, only ϳ11% of the PK groups (eight of 71) could be divided into more than one cluster with improved performances. Thus, the clustering method was not used in GPS 2.0.
To improve the robustness of the prediction system globally without influencing the prediction performance significantly, we developed a simple method of matrix mutation (Fig. 3) . First the amino acid substitution matrix BLOSUM62 was chosen as the initial matrix. The performance (Sn and Sp) of leave-one-out validation for each PK group was calculated. Then we fixed Sp at 90% to improve Sn by matrix mutation. The process of matrix mutation is halted when the Sn value is no longer increased. Although matrix mutation in other types was also valid, the method we used in this study could improve the leave-one-out validation significantly, whereas the self-consistency was only influenced moderately. Thus, such a procedure made the GPS 2.0 more robust and stable.
Control of FPR-To estimate the FPR, we tried to construct a near-negative data set by several approaches. The first method was to generate PSP(7, 7) peptides randomly. However, the abundances of the 20 amino acids are not equal in eukaryotes. Thus, the method was not used because it could not reflect the real distributions of PSP(7, 7) peptides in proteomes. Also the negative sites could also be randomly retrieved from eukaryotic proteomes. However, this method needs a large sequence file to retrieve PSP(7, 7) peptides, and this would slow the speed of computation. In this study, we chose a simple and fast method to construct the near-negative data set. First we calculated the distributions of amino acid composition in six organisms, including Saccharomyces cerevisiae, Schizosaccharomyces pombe, Caenorhabditis elegans, Drosophila melanogaster, Mus musculus, and Homo sapiens. Then we randomly generated PSP(7, 7) peptides based on the real frequencies of the 20 amino acids. And FPR values based on the latter two methods were very similar. By this method, we randomly generated 10,000 PSP(7, 7) peptides and used GPS 2.0 to estimate the theoretically maximal FPR. The process was repeated 20 times, and the mean value was calculated as the final FPR.
Threshold Setting-Threshold setting was also a difficult problem. In general, we and others have chosen different thresholds for every PK group (6, 10 -19) . Here we propose a uniform rule to choose cutoff values based on calculated FPRs. For serine/threonine kinases, the high, medium, and low thresholds were established with FPRs of 2, 6, and 10%. For tyrosine kinases, the high, medium, and low thresholds were selected with FPRs of 4, 9, and 15%. The high threshold was validated by a large scale prediction of mammalian phosphorylation sites with satisfying performance. The medium threshold often reduced the stringency to be useful in small scale experiments. Also the low threshold reduced the Sp to improve Sn considerably; this is very useful in extensive experimental identification of all potential phosphorylation sites in substrates.
RESULTS

Construction of the GPS 2.0 Software-
The process of construction of GPS 2.0 software is summarized below (Fig.  4 ). An extensively adopted hypothesis for predicting kinasespecific phosphorylation sites is that PKs in a same group/ subfamily will recognize similar sequence patterns of substrates for modification (9 -19) . In previous work, numerous PKs were classified into several groups simply based on sequence comparison by BLAST (9 -19) . Because the kinomes of several eukaryotic organisms have been comprehensively identified, phylogenetically analyzed, and classified into a hierarchical structure, including group, family, subfamily, and single PK (20) , and because most of the phosphorylation sites in the public database have been experimentally verified in mammals (13,254 of 13,579, ϳ97.6%), we directly used the classification of human kinome as the standard rule for GPS 2.0 (20) . To date, the specific substrates with their relationships to respective cognate kinases have still not been identified. To predict Given a putative PSP(7, 7) peptide, we can calculate its score. Then we can judge whether the given site is a potentially real phosphorylation site under different thresholds. 
Prediction of Phosphorylation Sites
potential phosphorylation sites for these kinases, a hypothesis should be adopted that the kinases in the same group, family, or subfamily could recognize similar patterns/motifs in substrates for modification. For example, both the CDK and MAPK families belong to the CMGC group (see supplemental Table S1 ) and could recognize a general motif of (pS/pT)P (where pS is phosphoserine and pT is phosphothreonine) for modification (23) . Besides identification of substrates with relationships to well known PKs, GPS 2.0 could also predict substrate phosphorylation site information for many novel or less characterized PKs. Also the prediction capacity of GPS 2.0 is greater compared with the existing programs chosen. For example, GPS 1.0 and 1.10 (10, 11) could predict specific sites for Aurora-A and Aurora-B, respectively, whereas KinasePhos 2.0 could predict sites for Aurora group (AUR family; see supplemental Table  S1 ). And GPS 2.0 could be used for AUR family, Aurora-A, and Aurora-B, respectively. Because of the data limitation, certain kinases contain very few known phosphorylation sites. For example, the numbers of GRK-1, GRK-2, GRK-3, GRK-4, and GRK-5 sites were 8, 28, 4, 4, and 11, respectively (see supplemental Table S3 ), whereas the number of GRK family sites was 84. When the data set is too small, the prediction robustness will be low. However, GPS 2.0 provided a hierarchical classification, and the experimentalist could choose the proper predictor for computing. The training data set was taken from Phospho.ELM 6.0 (21), containing 3,161 verified phosphorylation sites with respective kinase information. These sites were then hierarchically clustered into groups, families, subfamilies, and kinases. The Java programming language was used for the implementation of the on-line service and stand alone software of GPS 2.0 (Fig. 5) . The current version contained 144 serine/ threonine and 69 tyrosine PK clusters and could predict kinase-specific phosphorylation sites for 408 human PKs in hierarchy (see supplemental Tables S1, S2 , and S3).
FIG. 4.
The process of construction of GPS 2.0 software. The training data were taken from the Phospho.ELM 6.0 database. All sites with kinase information were retained. Then these verified sites with their kinases were separated into a hierarchical structure with four levels, including group, family, subfamily, and single PK. The modified version of Group-based Phosphorylation Scoring algorithm was used. The matrix mutation was used to improve the robustness of the prediction system. Then we set the high, medium, and low thresholds based on the calculated FPR for each PK cluster. Finally GPS 2.0 was implemented in Java as the first stand alone software for computational phosphorylation.
FIG. 5.
The screen snapshot of GPS 2.0 software. As an example, the protein sequence of rat Spinophilin was adopted. And the prediction results of PKA-specific sites with medium threshold are shown. DMPK, myotonic dystrophy protein kinase; PKC, protein kinase C; PKG, protein kinase G; RSK, ribosomal S6 kinase; SGK, serum-and glucocorticoid-regulated protein kinase; TKL, tyrosine kinase-like.
Matrix Mutation to Improve the Robustness of the Prediction
System-In our previous work, the BLOSUM62 matrix was used to score the similarity between known phosphorylation sites and a given site (10 -12) . However, the performance of BLOSUM62 in comparison with other matrices was not evaluated. Here we used PKA as an example to depict the matrix selection. We tested the prediction performances of PKA for ϳ60 matrices (BLOSUM30 -100 and PAM10 -500, etc.). Both self-consistency and leave-one-out validation were calculated for comparison. Theoretically the performances of the self-consistency and jackknife validation of a perfect predictor should be very similar. Performance comparisons for eight typical matrices are shown (Fig.  6) . Although the self-consistency performances of BLO-SUM90, PAM10, and PAM90 were very high, their leaveone-out validations were quite low. The leave-one-out validations of BLOSUM30, BLOSUM45, PAM250, and PAM500 were more similar to their self-consistency performances. However, both performances were lower than that of BLO-SUM62. To balance the prediction performance and robustness of the prediction system, the BLOSUM62 matrix was adopted in GPS 2.0.
Because different matrices will generate various performances, an interesting question is whether we can find an optimal or near-optimal matrix for each PK groups to improve the system stability without influencing the prediction performance significantly. To address this question, we developed a simple method to automatically mutate BLOSUM62 into a near-optimal matrix for each PK groups. First the performance (Sn and Sp) of leave-one-out validation for each PK group was calculated. Then we fixed Sp at 90% to improve Sn by matrix mutation. Using this approach, the leave-one-out validations of most of the PK groups were improved significantly, whereas the self-consistency performances were only influenced moderately (Fig. 7) . For example, with an Sp of 90%, the leave-one-out validation (LOO) Sn values of AGC/ PKA, AGC/AKT, CaMK/CaMKII, and CMGC/CDK were increased from 80.7, 85.7, 67.4, and 81.8% to 89.6, 92.9, 81.4, and 88.7%, respectively, whereas their self-consistency Sn values were altered from 87.5, 96.4, 97.7, and 88.5% to 91.1, 98.8, 96.5, and 92.1%, respectively (Table I) .
Comparisons of GPS 2.0 with Other Existing Tools-Here we compared the prediction performances of GPS 2.0 with several other existing tools, including ScanSite (14), KinasePhos (1.0 and 2.0) (15, 16), NetPhosK (13) , and pkaPS (6) . Because the leave-one-out validations for these programs were unavailable, we focused on the comparison of the selfconsistency performances.
We chose four well known PK groups for comparison, including AGC/PKA, atypical/PIKK/ATM, CMGC/CDK/ CDC2/CDC2, and TK/Src/Src. Both the positive and negative data sets we tested for GPS 2.0 were submitted on these on-line services directly. And the measurements of Sn and Sp were calculated for each program, respectively. Then we fixed the Sp to be nearly equal to that in other tools and compared the Sn values (Table II) . For PKA site predic- FIG. 6 . Comparison of various scoring matrices. Self, self-consistency. The BLOSUM62 matrix was adopted to balance the prediction performance and robustness of GPS 2.0. tion, only ScanSite with a high threshold (Sp of 99.91%) was better than GPS 2.0 with Sn of 16.91 versus 8.61%. However, when the medium or low threshold was chosen, GPS 2.0 was better than ScanSite. As for CDC2, ScanSite under medium and high thresholds, KinasePhos 1.0 with 100% Sp, and KinasePhos 2.0 were better, whereas the performance of GPS 2.0 was comparable with the three tools. However, for both ATM and Src, GPS 2.0 was the best predictor in all circumstances. Taken together, GPS 2.0 is better or at least comparable with previously established programs.
A Large Scale Prediction of Kinase-specific Phosphorylation Sites in Mammals-Estimation and control of false positive prediction is the key point in large scale predictions of kinase-specific phosphorylation sites. The FPR is the proportion of negative sites that are erroneously predicted as positive hits. From our analysis, the real phosphorylation sites were only a very small part of all Ser/Thr residues in proteins (see supplemental Tables S2 and S3 ). For 144 serine/threonine PK groups, the ratios of positive sites versus the negative sites range from 1:13.2 (other/PEK: 16 positive sites and 211 negative sites) to 1:141.2 (CaMK/CaMKI/CaMKIV: nine positive sites with 1,271 negative sites) with the average being 1:49. And for 69 tyrosine PK groups, the ratios of positive sites versus the negative sites range from 1:1.6 (TK/Trk/TRKA: five positive sites with eight negative sites) to 1:28.2 (TK/Csk: five positive sites and 141 negative sites) with the average being 1:9.7. Thus, even a very small FPR could generate too many false positive hits.
Given a data set containing all non-phosphorylation sites, the real FPR could be easily computed. However, precise calculation of FPR is unavailable because of the lack of a "gold standard" negative data set. Here we randomly generated 10,000 PSP(7, 7) peptides to construct a near-negative data set based on the real frequencies of the 20 amino acids in eukaryotic proteomes. Although a few sites were predicted to be real hits, the proportion would be very small. The process was repeated 20 times, and the average FPR was calcu- FIG. 7 . Prediction performances before and after matrix mutations. For instance, we randomly chose 12 PK clusters to compare the performances. Usually the leave-one-out validations will be improved significantly. But the selfconsistencies were only enhanced moderately. Thus, the process of matrix mutation improved both performance and robustness of GPS 2.0. MM, matrix mutation; Self, self-consistency; PKC, protein kinase C; RSK, ribosomal S6 kinase; MAPKAPK, MAPK-activated protein kinase.
TABLE I Matrix mutation
The procedure of matrix mutation improved the leave-one-out validation significantly, whereas the self-consistency performance was only moderately influenced. Here we fixed Sp at 90% to improve Sn by matrix mutation. PKC, protein kinase C; MAPKAPK, MAPK-activated protein kinase.
PK cluster
Before MM lated by GPS 2.0 as the theoretically maximal FPR. Then for large scale predictions, we defined the precision (Pr) as follows.
Here N is the number of sites (Ser/Thr or Tyr) for prediction; M is the number of predicted sites by GPS 2.0. Because the FPR is the theoretically maximal false positive rate, the Pr is the minimal proportion of correct predictions.
For any given kinase, the total Ser/Thr or Tyr residues in a proteome could be divided into three groups, including sites phosphorylated by the kinase, sites phosphorylated by other kinases, and non-phosphorylation sites. For the kinase, sites of the latter two groups would be regarded as "negative hits" for prediction. Because most sites in a proteome are non-phosphorylation sites, the number of negative sites for the kinase is too large. Thus, it would not make sense to carry out a large scale prediction for a proteome directly. Currently there are many small scale and large scale experiments to identify phosphorylation sites. And most of these sites are integrated in the Phospho.ELM database (21) . From Phospho.ELM 6.0, there were 13,254 mammalian sites, including 9,717 Ser(P), 1,818 Thr(P), and 1,719 Tyr(P) sites (Table III) . These sites were experimentally identified, but the kinase information of more than 10,000 sites still remains to be annotated. Most importantly, in the data set, the non-phosphorylation sites were excluded. And the number of potentially negative hits for a given kinase was greatly reduced. In this regard, a properly defined FPR will be useful to evaluate the prediction accuracy.
In this work, we performed a large scale prediction of kinase-specific phosphorylation sites in mammals to compare with the phosphorylation sites in Phospho.ELM 6.0. The high threshold of GPS 2.0 was chosen with an FPR of 2% for serine/threonine kinases and 4% for tyrosine kinases. The predictor for budding yeast IPL1 was not used. We divided the data set into three groups, the known substrates of a PK for prediction (Known sub.), the known substrates of other kinases (Other's sub.), and the sites without PK information (Unknown sub.) (supplemental Table S4 ). For example, there were 306 sites experimentally identified as PKA sites in mammals. And 1,993 sites were verified as substrates of other PKs with 9,236 unannotated sites. For the first group (Known sub.), the Sn was calculated to depict the proportion of which we can correctly predict for the existing sites. And for the latter two groups, the Pr was calculated to estimate the minimal accuracy for large scale predictions, respectively. For 143 serine/threonine and 69 tyrosine PK groups, the Sn values for known substrates and Pr values for unknown data were calculated, respectively. Most of the prediction results were obtained with satisfying performances (see supplemental Fig. S2 ). For example, GPS 2.0 could predict 200 of 306 known PKA sites as positive hits with an Sn of 65.36%. And for 1,993 sites phosphorylated by other PKs, GPS 2.0 could predict 220 of them as positive hits with a Pr of 81.88%, meaning that at least 81.88% of the 220 predicted sites might be positive sites. Again for 9,236 unannotated sites, GPS 2.0 could predict 959 of them as positive sites with a Pr of 80.74%. However, if there were very few real positive sites in the entire data set, the occurrence of real positive sites should be even lower than randomly generated data, and the Pr value could be very small and even lower than 0, which indicates the under-representation of substrates of the subject kinase in a given data set. In our analysis, there were 53 PK groups (25% of 212 PK groups) with low performances. In total, there were 12,219 sites predicted with at least one PK with a total coverage of 92.19% (Table III) .
Prediction of Potential Aurora-B Substrates from Its Interacting Proteins-As described previously, protein kinase Aurora-B is a component of the Aurora/Ipl1 family and plays important roles in chromosome segregation (24 -26) and progression of cytokinesis (27) . During mitosis, Aurora-B localizes on the kinetochore and forms a protein complex with Survivin, INCENP (inner centromere protein), and Borealin in metaphase (26) . Then it moves to the midbody in cytokinesis (27) . Proteins phosphorylated by Aurora-B regulate their functions and dynamics during cell division. In this regard, identification of Aurora-B substrates with their sites will be important for understanding the molecular mechanisms of cell division.
In this study, we performed a comprehensive prediction for Aurora-B substrates with respective phosphorylation sites in human. As discussed previously, a short peptide flanking a site is not sufficient for providing full specificity for a PK modification in vivo (28, 29) . Numerous mechanisms have also been proposed to account for the specificity for PK recognition, such as subcellular co-localization of PKs with their substrates, co-complex, or interacting directly (28 -30) . Thus, in vivo a PK should at least "kiss" its substrates and then say farewell by direct or indirect interactions. Here we adopted this "kiss-then-farewell" model and predicted Aurora-B substrates with their sites from its interacting proteins.
Both the experimental and predicted protein-protein interaction databases were used. The human experimental protein-protein interaction (PPI) data were derived from the Database of Interacting Proteins (DIP) (31), BioGrid (32), the Molecular Interaction Database (MINT) (33) , the Biomolecular Interaction Network Database (BIND) (34) , and the Human Protein Reference Database (HPRD) (35) with 1, 397, 38, 217, 8, 127, 43, 412 , and 33,710 entries. These data sets were integrated into a non-redundant set with a total number of 51,529 records. For predicted PPI data, we simply used the Search Tool for the Retrieval of Interacting Genes/Proteins (STRING database) with 690,143 precalculated PPI entries (36) . Both experimentally verified and predicted PPI data were mapped to the UniProt database by BLAST for normalization of protein accession numbers. In total in Phospho. ELM 6.0, there were 140 human proteins containing 605 Ser(P)/Thr(P) sites identified as Aurora-B-interacting proteins. The high threshold of GPS 2.0 was used with an FPR of 2%. Then 48 sites from 32 proteins were predicted as positive hits (Table IV) . The total Pr of the prediction was calculated as (48 Ϫ (605 ϫ 2%))/48 ϭ 74.79%.
Our analysis had precisely predicted 21 of 26 (Sn of ϳ81%) experimentally verified Aurora-B sites in human (Table IV) . In addition, several novel substrates with potential sites were identified in silico. For example, although human TD-60 is co-localized with Survivin on the kinetochore (37), its phosphorylation by Aurora-B was never reported. We predicted that human TD-60 could be phosphorylated by Aurora-B at Ser-43. In addition, although HP1␥/CBX3 is localized on the centromeric region nearby the kinetochore (38) , its phosphorylation by Aurora-B was unclear. Here we predicted that HP1␥/CBX3 could be phosphorylated by Aurora-B at Ser-93. Moreover we also predicted another kinetochore-associated kinase, PLK1 (39) , as a novel substrate of Aurora-B that is phosphorylated at both Ser-137 and Thr-210.
Taken together, using GPS 2.0 and protein-protein interaction information, we successfully predicted that 32 proteins containing 48 Ser(P)/Thr(P) sites are novel Aurora-B substrates. Although the accuracy and physiology of the aforementioned phosphorylation sites remain to be validated by experimentation, our analyses performed with GPS 2.0 provide an outline of how mitotic Aurora-B phosphorylation regulates protein-protein interaction plasticity and dynamics.
DISCUSSION
In this work, we refined our previous established protein phosphorylation predication program GPS 1.10 (Groupbased Phosphorylation Scoring) into a higher version, 2.0. In addition, the software was renamed as Group-based Prediction System because numerous PKs were clustered into a hierarchical structure with four levels, including group, family, subfamily, and single PK (20) . Then the on-line server and local packages of GPS 2.0 were implemented in Java with a modified version of the Group-based Phosphorylation Scor-ing algorithm (10, 11) . The GPS 2.0 Web server was tested on several Internet browsers, including Internet Explorer 6.0, Netscape Browser 8. The performance and robustness of the prediction system were extensively evaluated by self-consistency, leave-oneout validation, and 4-, 6-, 8-, and 10-fold cross-validations. Then we compared the prediction performances of GPS 2.0 with several other existing tools, including ScanSite (14), KinasePhos (1.0 and 2.0) (15, 16) , NetPhosK (13) , and pkaPS (6) . ScanSite constructs a position-specific scoring matrix for each kinase based on its known phosphorylation sites (14) . And KinasePhos 1.0 uses a maximal dependence decomposition strategy and constructs a profile hidden Markov model for each kinase (15), whereas KinasePhos 2.0 retrieves the coupling patterns (XdZ where amino acid types X and Z are separated by d amino acids) from the known phosphorylation sites and uses the Support Vector Machines algorithm to train the model (16) . Also NetPhosK uses an artificial neural network method for training (13) . These tools first retrieve the information from each position flanking the modified residue (Ser/Thr or Tyr). A hidden hypothesis in their model is that the information/function/evolution of each position is independent from its nearby residues. However, the information/function/evolution of each position is not entirely independent. GPS 1.0 and 1.10 (10, 11), GPS 2.0, and pkaPS (6) hypothesize that if two PSPs share high sequence homology they may also bear similar three-dimensional structures and biological functions. Thus, the information of the PSPs was considered rather than single positions. In this regard, the methods used in GPS 1.0 and 1.10 (10, 11), GPS 2.0, and pkaPS (6) will be superior to other strategies. Also the prediction performances will be enhanced with a larger training data set. And the training data set of GPS 2.0 was much larger than that for the other tools. Furthermore we noticed that the prediction performances based on different amino acids matrices were not identical. The BLOSUM62 and other matrices are optimized to evaluate the similarity between homologous proteins but may not be optimized for the similarity of two PSPs. To find an optimal or near-optimal matrix for each PK group to improve the system stability without influencing the prediction performance significantly, we developed a simple method to automatically mutate BLOSUM62 into a near-optimal matrix for each PK group. The prediction performances of GPS 2.0 were further improved by this approach. By comparison, the method of GPS 2.0 was better or at least comparable with previous approaches on several well studied PKs. However, GPS 2.0 could predict kinase-specific phosphorylation sites for 408 human PKs, demonstrating a great comprehensive capacity and computational power.
Previously control and calculation of FPR were never addressed. Here we developed a simple approach to estimate the theoretically maximal FPR for each PK cluster. We also defined the Pr factor to estimate the proportion of real phosphorylation sites in predicted results. Previously the precision was defined as TP/(TP ϩ FP) (15) . However, the TP is usually unknown when an unknown data set is used for prediction. Thus, a hidden hypothesis for such a precision is that the ratio of calculated TP:FP is not changed in any given data set. The precision will be precalculated based on the training data set. However, when the composition of a given data set is changed and different from the training data set, such a precision will not be useful and valid any more. In this regard, the Pr value should be flexible and reflect the enrichment of substrates of the subject kinase in any given data sets. Given a data set for prediction (N sites), if all of the sites were true negative sites, we can easily calculate the theoretically maximal false positive hits as N ϫ FPR. Then Pr value could be calculated by (M Ϫ (N ϫ FPR) )/M where M is the total predicted hits. Because there might be real phosphorylation sites contained in the data set, our approach will underestimated the real precision.
As an application to depict the computational power, we performed a large scale prediction of more than 13,000 phosphorylation sites in mammals with high precisions. The high threshold was chosen with an FPR of 2% for serine/threonine kinases and 4% for tyrosine kinases. In addition, we provided a proteome-wide prediction for Aurora-B-specific substrates including protein-protein interaction information. As the first stand alone software for computational phosphorylation, GPS 2.0 will accelerate experimentation for delineating a kinasecoupled phosphoregulatory network and pathways underlying cellular plasticity and dynamics.
